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Abstract  
Mathematical approaches are increasingly used in the field of 

computational biology to describe, analyze, and predict complex biological 
phenomena at molecular, cellular and population scales. This study 
discusses the applications of mathematical tools in computational biology 
such as differential equations, integral equations, linear algebra, matrix 
computation, and numerical solution techniques. Mathematical 
representations are created to describe interactions in biological systems, 
changes over time, regulation and quantitative relationships in biological 
systems. The use of differential equations represents the temporal 
behavior, and integral formulations represent cumulative biological effects. 
Linear algebra enables high dimensional processing of biological data, 
representation of networks and estimation of parameters. Numerical 
methods allow to solve models that do not have an analytical solution. The 
integrated framework exemplifies the enhancement of biological insights, 
biological simulations and predictive analysis through the use of 
mathematical computation. The results highlight the need for mathematical 
methods to further the development of computational modelling, biological 
data analysis and interdisciplinary science research in contemporary 
computational biology studies. 

Subject Classification: 15A69. 
Keywords: Computational biology, Mathematical modeling, 

Differential equations, Linear algebra, Numerical methods, Biological 
systems. 

 
 
 
 
 
 
 
 
 
 

I. Introduction  
The new interdisciplinary area of science known as computational 

biology is drawing together the biological sciences, mathematics, computer 
science and statistical analysis to explore complex biological phenomena [1, 
2]. The rapid advancement of the genomic sequencing, medical imaging, 
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molecular biology, systems biology and high-throughput experimental 
technologies has created vast amounts of biological data [3]. These data 
need to be interpreted with the help of mathematical frameworks that can 
capture the interactions between biological components, predict the 
behavior of the entire system and enable computational experimentation. 
Biological observations can be converted into quantitative models, 
analyzed, simulated, and validated in a computational model, and this is 
possible through mathematical methods [4, 5, 6]. Many biological processes 
that vary with time can be described in terms of differential equations such 
as populations growing or dying, the spread of a disease, the growth or 
decay of a cell, regulation of genes, and biochemical reactions [7, 8]. Integral 
equations model cumulative effects and memory dependent processes and 
interactions in space in biological systems. Biological networks, genomic 
data, interaction matrices and multidimensional information about cellular 
states can be efficiently represented in linear algebra and matrix-based 
computations [9, 10, 11]. In addition, numerical methods give approximate 
solutions if there are models of biological processes that are not easily 
solved analytically. These mathematical methods combined with algorithms 
can enhance the precision, expandability, and understanding of biological 
models [12, 13]. Understanding of nonlinear and dynamic biological 
mechanisms is furthered by mathematical optimization, parameter 
estimation, stability analysis and simulation.  

II. Mathematical Representation of Biological Systems 
Mathematical representations convert biological mechanisms to 

quantitative variables, parameters, functions and relationships to enable 
systematic analysis, simulation, prediction and interpretation of complex 
biological interactions across scales [14]. 

 

 
Figure 1 

Mathematical Representation and Computational Analysis Framework for 
Biological Systems 
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This Figure 1 represents the biological data transformation through 
variables, mathematical modelling, analysis and prediction processes and 
also incorporates parameters, feedbacks in a continuous process of 
refinement and computation. 
   ( )  ∑   ( )

 
      (1) 

The overall number of all the biological populations can be expressed 
as the sum of individual population components as shown in equation (1), 
which is an aggregated value of all interacting biological states in the 
system. 
    

      (    
 )  (2) 

The logistic population growth model (equation (2)) represents a 
model in which population growth is accelerated by the intrinsic growth 
rate, but population growth is limited by density-dependent factors such as 
available resources. 
   ( )     ( )    (3) 

The cumulative biological response is determined in equation (3), 
which is an integral over time of the biological response function, and is the 
sum of all the biological activity that took place during the observation 
interval. 
   ( )   √[ ∑   

 ( ) 
    ]  (4) 

The overall strength of the biological state vector at time is provided 
by equation (4) which is the sum of the squared individual components. 

       (  ) [    √     
  ]  (5) 

The equilibrium population is defined by equation (5), which is based 
on the carrying capacity, growth and mortality parameters, and represents 
the level of the stable population at which competing biological processes 
are in long-term dynamic balance. 

III. Differential and Integral Equation Models 
Both differential and integral equations are mathematical models that 

describe temporal biological changes and cumulative and memory effects, 
respectively, which enable a better description of population, cellular, 
molecular and biochemical dynamics. 
    

     (     )  (6) 
The general form of equation (6) is a mathematical function that 

describes the evolution of a biological variable over time based on the state 
of the system, the time and parameters that describe dynamic biological 
behavior and change. 
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          ∑          

     (7) 
Equation (7) accounts for interactions between several biological 

components including intrinsic growth and coupling coefficients which 
describe the influence of neighboring populations/biological variables on 
the dynamic evolutionary behavior of each of them. 
   ( )    ( )    ( ( )  )   

    (8) 
This biological state is the initial state, plus the accumulated dynamic 

changes, and is described by equation (8), which integrates the governing 
function over time to give a quantitative description of the evolution of the 
system. 
   ( )    ( )     (   ) ( )   

   (9) 
The historical dependence of a set of biological processes is modeled 

in equation (9): The current behavior of the system is a function of an 
external function and of a kernel function that depicts the interaction 
between the previous states of the system and its current state. 
     

      (    )         ( )  (10) 
Equation (10) describes a class of biological dynamics which includes 

acceleration, damping, restoring and external forcing, and can be used to 
model oscillatory or delayed responses that are often observed 
experimentally in complex biological systems. 

       *     √      +
   (11) 

Equation (11) can be used to determine the characteristic roots from 
the system coefficients, to provide information regarding the stability, 
oscillation, convergence or divergence of the biological dynamics around 
the equilibrium state being investigated. 

IV. Linear Algebra and Matrix-Based Computation 
Multidimensional biological information is represented by vectors and 

matrices in linear algebra and is used for network analysis, genomic 
computation, dimensionality reduction, parameter estimation and efficient 
processing of complex datasets computationally. 
          (12) 

This matrix description of biological relationships, as in equation (12), 
allows for efficient computation of multiple interacting components at the 
same time and allows for analysis with observed outputs of unknown 
biological variables. 
                 (13) 

The evolution of the biological state between consecutive time steps is 
described by equation (13) which includes the transformation of the system 
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as well as external inputs, allowing to describe dynamic changes in 
biological components, which are interconnected over time. 
     (      )       (14) 

From equation (14), the values of the characteristic eigenvalues of the 
biological system matrix can be obtained, which are crucial for the study of 
the stability of the equilibrium, dynamic response and long term behavior 
of the coupled biological variables in a mathematical manner. 

  || ||   √* ∑ ∑ |   |
  

   
 
   +  (15) 

The combined intensity of a biological matrix can be calculated by 
squaring the elements of the matrix as in equation (15) to give a measure of 
the strength, variation or computational complexity of the system. 
   ( )    ( )     ( ) ( )    (16) 

This equation, (16), describes the cumulative dynamics of the system 
over time, in a matrix format, with integration of matrix elements to 
represent evolution over time of multiple biological variables. 

V. Numerical and Computational Solution Methods 
When analytical solutions cannot be found, numerical methods use 

approximate solutions to complex biological equations that are obtained by 
iterative computational procedures, which improve the accuracy of the 
solutions obtained, their convergence to the value sought, their stability and 
convergence speed. 
               (     )  (17) 

Based on the current value, step size and derivative, the next biological 
state is approximately calculated by equation (17), offering a simple 
numeric method to calculate the solution of the differential equation 
efficiently in a computer. 
            (  ) (      )  (18) 

The numerical approximation is enhanced by averaging two calculated 
slopes in the case of equation (18) which gives a better approximation of 
solutions than Euler's method, with relatively low computational costs for 
biological simulation.  
       (     )  (19) 
       (             )  (20) 

It is from the current time and the biological state that we calculate the 
initial slope as given in equation (19) which gives us the first estimate we 
need to make a second order Runge-Kutta numerical approximation that is 
accurate in constructing. The second slope is computed in equation (20) 
using a desired future biological state as well as knowledge of the initial 



MATHEMATICAL APPLICATIONS IN COMPUTATIONAL BIOLOGY� 3213

slope to obtain a better numerical approximation to the second slope for 
each computational interval. 
 (      ) ( )     (  ) [ (  )     (          ) (  )    (  )]  (21) 

Equation (21) approximates a definite integral by evaluating it at a few 
points and thus allows (computationally) easy estimation of the cumulative 
biological responses if the exact analytical integration is hard to achieve or 
even impractical. 

         √*(  ) ∑ (      )  
   +  (22) 

The prediction error in equation (22) is a metric of the differences 
between observed and estimated biological values and is a measure of 
overall numerical accuracy.  
            (  )

  (  )
  (23) 

Equation (23) numerically solves a nonlinear biological equation by 
iterative estimation of its roots by evaluating its function and derivatives, 
converging quickly to an accurate solution. 

VI. Mathematical Applications in Computational Biology 
Mathematical methods are well suited to computational biology in the 

areas of genomic analysis, population modeling, prediction of disease 
outbreaks, protein interaction analysis and modeling of biological 
networks, evolution and quantitative simulation of dynamic biological 
processes.  
    

            (24) 
This temporal gene expression is described by equation (24) which is 

the balance between the rate by which a gene is produced and the rate by 
which it is degraded, which allows quantitative understanding of how the 
activity of a gene changes towards stable expression levels over time. 
    

              (25) 
This is equation (25) that models the dynamics of the concentration of 

proteins, including their synthesis as a function of the expression of the 
genes that encode them, and also their degradation under physiological 
processes. 
     

     
   [   

, ∑    
 
      -

  
]
  (26) 

The equation (26) is describing the population growth, under the 
carrying capacity constraint, with interpopulation interactions: the 
competition coefficients describe the dynamics of the population growth, 
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resource availability and the behavior of the biological populations over 
time. 
    ( )     ( )   

   (27) 
To calculate cumulative gene expression, the expression levels are 

integrated over time, so that the resulting score estimates the total amount 
of transcription that took place during a certain biological observation 
period, as shown in equation (27). 

   ( )   √*∑ (  ( )    ̄ )
  

   +  (28) 

This overall molecular interaction magnitude (equation (28)) is based 
on the deviations of protein states from reference values, and can be 
quantitatively assessed of the collective molecular variation in complex 
biological networks effectively.  

      √[, 
(        )(      )

 -
{ (        )   }

]  (29) 

Normalized Biological Prediction Error in equation (29) is used to 
measure how well the computational model performs on the biological 
data, and it scales the prediction with respect to the scale of the data. 

VII. Result and Discussion 
Results show that mathematical and computational approaches that 

include both methods are able to provide accurate biological simulations 
and efficient numerical solutions, reliable predictions and better 
understanding of complex biological mechanisms and interactions. 

 
Table 1 

Numerical Performance of Mathematical Models in Computational Biology 

Mathematical Model RMSE MAE Convergence 
Iterations 

Accuracy 
(%) 

Differential Equation Model 0.084 0.067 42 91.60 
Integral Equation Model 0.071 0.056 38 92.90 
Matrix-Based Model 0.053 0.041 31 94.70 
Numerical Hybrid Model 0.036 0.028 26 96.40 
Integrated Computational 
Model 

0.021 0.016 19 97.90 

 
Table 1 shows the computational performance of the mathematical 

models, which is progressively improving. The highest accuracy of 
Differential Equation Model is 91.60% in terms of RMSE and MAE.  
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Figure 2 

Comparative Error Analysis of Mathematical Models 
 
The prediction errors are compared in Figure 2 for different 

mathematical modelling methods. The accuracy of the modelling can be 
increased to 94.70% and the number of convergence iterations reduced 
using matrix-based modelling. The Numerical Hybrid Model's accuracy is 
96.40%. The Integrated Computational Model has the highest accuracy 
(97.90%), with minimum RMSE (0.021), MAE (0.016) and a total of 19 
iterations. 

 
Table 2 

Performance across Computational Biology Applications 

Biological 
Application 

Prediction 
Accuracy (%) 

Sensitivity 
(%) 

Specificity 
(%) 

F1-Score 
(%) 

Gene Expression 
Analysis 

94.20 93.70 94.60 93.90 

Protein Interaction 
Prediction 

95.10 94.40 95.50 94.70 

Population Dynamics 92.80 92.10 93.30 92.40 
Disease Progression 
Modeling 

96.30 95.80 96.70 96.00 

Cellular Network 
Analysis 

97.10 96.50 97.40 96.80 

 
The predictive results for the computational biology applications are 

presented in Table 2, which indicate good predictive results. Cellular 
Network Analysis obtains the best accuracy (97.10%), specificity (97.40%) 
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and F1-score (96.80%). The results of various biological modeling scenarios 
are compared in Figure 3. 

 

 
Figure 3 

Comparative Performance Analysis Across Biological Modeling Scenarios 
 
The accuracy and sensitivity of Disease Progression Modeling is 

96.30% and 95.80% respectively. Protein Interaction Prediction and Gene 
Expression Analysis also demonstrate good performance. In comparison, 
more balanced sensitivity, specificity and F1-score for all of the evaluation 
metrics were obtained for Population Dynamics with comparatively low 
values, 92.80% accuracy. 

VIII. Conclusion  
Applications of mathematics to solve practical problems in 

computational biology are fundamental to the understanding and analysis 
of complex problems. Mathematical representations convert biological 
mechanisms into quantitative models that can be investigated in a 
systematic manner through computation. Differential and integral 
equations are used to describe dynamic, cumulative and interacting 
biological process and linear algebra is used to represent multidimensional 
data and for matrix-based analysis. A numerical/computational approach 
can be used for the reliable approximation of biological models for which 
analytical solutions are hard to find. They can be integrated together to 
enhance the simulation, prediction, estimation of parameters, stability 
analysis, and interpretation of biological systems. The introduced 
framework illustrates the need for an integrated approach of maths and 
computation to investigate biological complexity. Advanced optimization, 
data-driven modeling, and intelligent computational methods can be 
integrated to enhance the biological prediction, scalability and scientific 
decision-making in future research. 
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